Metabolic processes in eukaryotic cells depend on interactions between mitochondrial and nuclear gene products (mitonuclear interactions). These interactions could play a direct role in population divergence. We studied the evolution of mitonuclear interactions in a widespread passerine that experienced population divergence followed by bi-directional mitochondrial introgression into different nuclear backgrounds. Using >60,000 SNPs, we quantified patterns of nuclear genetic differentiation between populations that occupy different climates and harbour deeply divergent mitolineages despite ongoing nuclear gene flow. Analyses were performed independently for two sampling transects intersecting mitochondrial divergence in different nuclear backgrounds. In both transects, low genomewide nuclear differentiation was accompanied by strong differentiation at a ~15.4 Mb region of chromosome 1A. This region is enriched for genes performing mitochondrial functions. Molecular signatures of selective sweeps in this region alongside those in the mitochondrial genome suggest a history of adaptive mitonuclear co-introgression. The chromosome 1A region has elevated linkage disequilibrium, suggesting that selection on genomic architecture may favour low recombination among nuclear-encoded genes with mitochondrial functions. In this system, mitonuclear interactions appear to maintain the geographic separation of two mitolineages in the face of nuclear gene flow, supporting mitonuclear co-evolution as an important vehicle for climatic adaptation and population divergence.
Introduction
Genomic studies of early stages of population divergence enhance our understanding of the genetic basis of local adaptation, reproductive isolation and speciation (Harrison & Larson 2016; Payseur & Rieseberg 2016; Seehausen et al. 2014) . Genomic differentiation between closely related populations is often heterogeneous: low differentiation across most of the genome is accompanied by high differentiation at barrier loci, i.e. genes involved in local adaptation and/or reproductive isolation (Wu 2001) . Highly differentiated genes are sometimes packed into distinctive chromosomal regions, commonly referred to as genomic islands of differentiation (Ravinet et al. 2017; Wolf & Ellegren 2016) .
Genomic islands of differentiation can evolve during divergence-with-gene-flow in order to prevent recombination between barrier loci and reduce gene flow for them (Nosil et al. 2009), or during periods of population isolation as a by-product of ancient directional or background selection that resulted in low genetic variation within genomic regions (Cruickshank & Hahn 2014; Nachman & Payseur 2012; Noor & Bennett 2009 ). To date, efforts to uncover the genomic basis of differentiation in the wild have mostly focused on nuclear genes (e.g. Jones et al. 2012; Marques et al. 2016; SoriaCarrasco et al. 2014 ). In contrast, few studies have approached the co-evolution of nuclear and mitochondrial genomes during the early stages of divergence in natural populations (e.g. Bar-Yaacov et al. 2015; Baris et al. 2017; Boratyński et al. 2016; Gagnaire et al. 2012; Sambatti et al. 2008) and none have tested whether genomic islands of differentiation are enriched for nuclear genes with mitochondrial functions. Genes of the mitochondrial genome (mtDNA) and nuclear-encoded genes with mitochondrial functions (N-mt genes) are nevertheless prime candidates to drive population divergence because they are responsible for maintaining essential functions in energetics, metabolism, and gene regulation (Allen 2003; Horan et al. 2013) . Most significantly, mtDNA and N-mt genes coencode and regulate the oxidative phosphorylation (OXPHOS) complexes, which serve as the primary source of energy availability in the cell (Bar-Yaacov et al. 2012) .
Accordingly, genetic variation in mtDNA has strong fitness effects, often expressed through mitonuclear interactions (Ballard & Pichaud 2014; Wolff et al. 2014) . The interactions and resulting fitness effects can be environmentdependent (Arnqvist et al. 2010; Hoekstra et al. 2013 ).
Mitonuclear interactions occur despite mitochondrial and nuclear genomes having different modes of inheritance, recombination and mutation rates, implying that their coevolution is enforced by natural selection (Dowling et al. 2008; Rand et al. 2004) .
Selection can favour the formation of mitonuclear interactions during population divergence in three main ways. First, selection to maintain metabolic functionality drives coevolution of mtDNA and N-mt genes: in response to rapid accumulation of slightly deleterious mutations and/or adaptive variation in mtDNA, N-mt genes evolve compensatory or epistatic changes (James et al. 2016; Osada & Akashi 2012; Sloan et al. 2016) . Thus, mitonuclear co-evolution can result in populations having different co-adapted sets of mtDNA and N-mt alleles. Second, environmental variation can drive selection for locally-adapted metabolic phenotypes, modulated by mitonuclear interactions (Burton et al. 2013; Hill 2015) . Fig. 1A ; Table S1 ).
Based on inferences of nuclear background from earlier analyses (Morales et al. 2017b) , sampling efforts were focussed on two transects ~700 km apart, one in the northern nuclear background and one in the southern (squares and circles, respectively on Fig. 1A ). In each transect, a narrow (~ 20 -40 km) contact zone between mitolineages, defined based on presence of both mitolineages in a single sampling region ( Fig. S12-S14 ), is located in a region of climatic transition (Fig. 1A) . The correlation between mitolineage distribution and climatic variation is stronger in the southern than northern transect (Fig. 1B) . (Fig. S2) . Then, we used two methods specifically designed for outlier discovery, BayeScEnv (Villemereuil & Gaggiotti 2015) and PCAdapt (Duforet-Frebourg et al. 2016) .
Each of the three methods identified similar numbers of outliers in each of the transects, with appreciable commonality of the loci identified among methods and in both transects ( 
Highly differentiated loci are concentrated in two genomic islands of differentiation
We mapped the SNP-containing loci to the reference genome of the zebra finch, Table 1 for number of outliers). Genomic regions with a significant cluster of contiguous genetic differentiation representing genomic islands of differentiation on chromosome Z and chromosome 1A were identified with Hidden Markov Models (black rectangles). (Table S5) S14 ). The Z chromosome also showed high levels of LD and slow decay ( Fig. 4A ; Table S6 ; Table  S5 ). (D) Low observed heterozygosity in chromosome 1A in different mitolineage-bearing populations in each transect. Clock-wise from top-right: north mito-A-bearing; north mito-B-bearing; south mito-A-bearing; and south mito-B-bearing. Each dot represents a locus mapped to chromosome 1A. The location of the genomic island of differentiation is indicated with horizontal black lines. To aid visualization, the grey shading shows per-SNP 95% confidence intervals within overlapping sliding windows (window size = 100 Kb, step-size = 50 Kb).
Discussion
We used a high-density genome scan and Irwin et al. 2016; Nosil et al. 2009 ).
Interpreting genomic islands of differentiation with genomic scan data however, remains a challenging task because many of the confounding factors that contribute to the emergence of islands cannot be controlled for with this type of data (e.g. recombination rate, mutation rate and gene density; Ravinet et al.
2017). Further development of EYR genomic
resources is needed to test relative vs. absolute metrics of genetic differentiation and better distinguish alternative models of island formation (Cruickshank & Hahn 2014) .
Likewise, exploring patterns of chromosome 1A genetic diversity and differentiation across a range of passerines species is needed to understand the relative contribution of different mechanisms (e.g. recombination and mutation rates) to island formation over evolutionary timescale (Burri et al. 2015; Irwin et al. 2016) .
Our data suggest that natural selection in at least two other passerine birds that also harbour deep mitochondrial divergences:
greenish warblers, Phylloscopus trochiloides (Irwin et al. 2016) , and flycatchers, Ficedula albicollis and F. hypoleuca (Ellegren et al. 2012 ). This suggests that genomic architecture of these regions may enforce cold-spots of recombination over large evolutionary timescales, in agreement with the observation that the landscape of recombination in birds is highly conserved (Singhal et al. 2015) . Also, these findings suggest that this genomic region may contain an ancient configuration of N-mt genes commonly involved in mitonuclear divergence. Given that some of these N-mt gene products occur in functionally-related regions of complex I (Fig. S9) , structural or mechanistic complementarity between them may have driven the mitonuclear co-evolution over long (Fig. S15) .
In summary, our study contributes to the mounting evidence that mitonuclear coevolution is an important mechanism of population divergence (Bar-Yaacov et al. 2015; Baris et al. 2017; Boratyński et al. 2016; Burton & Barreto 2012; Burton et al. 2013; Ellison & Burton 2006; Gagnaire et al. 2012; Hill 2015; Hill 2016; Sambatti et al. 2008) . Future studies should focus on the genomic and phenotypic basis of EYR mitonuclear co-evolution by expanding EYR genomic resources (e.g. whole genome and transcriptome sequencing) and collecting data on fitness proxies related to mitonuclear functioning. These efforts will enable us to answer important questions about genomic landscape of differentiation (Cruickshank & Hahn 2014; Irwin et al. 2016; Nosil et al. 2009 ), including the contribution of linked selection and heterogeneous levels of gene flow and recombination (Roux et al. 2016; Schrider et al. 2016) , the age of beneficial allele combinations (Smith et al. 2016) , the genomic mechanisms to maintain mitonuclear interactions despite gene flow (Schwander et al. 2014; Sunnucks et al. 2017) , the relationships between mitochondrial metabolism and environment (Boratyński et al. 2016; McFarlane et al. 2016; Stier et al. 2014; Toews et al. 2014) , and fitness consequences of mitonuclear genetic incompatibilities and mitonuclear co-adaptation (Burton & Barreto 2012; Burton et al. 2013; Hill 2015; Hill 2016) .
Methods

Samples and mitolineage identification
We determined the EYR mitolineage for 407 individuals (N mito-A = 262; N mito-B = 145) using ND2 sequences (Table   S1 ). DNeasy Blood and Tissue Kit (Qiagen, Germany) was used to extract DNA. PCRs were performed following Pavlova et al. (2013) and sequenced commercially (Macrogen, Korea). 
Climatic variables
Sequencing, genotyping and mapping
We genotyped samples using the reduced-representation approach implemented in DarTseq (Diversity Arrays Technology, Australia) (see supplementary methods for details). Samples were digested using a combination of PstI and NspI enzymes following Kilian et al. (2012) . We approximated the genomic position of each SNP by mapping DArT-tags to the reference genome of the zebra finch Taeniopygia guttata, taeGut3.2.4 (Warren et al. 2010 ) using BLASTn v.2.3.0 (Altschul et al. 1990 Camacho et al. 2009 ). Only unique high-quality hits were considered. Considering only unique hits considerably increases our confidence in the mapping. However, we were able to map only 55% of the DArT-tags with this method, a limitation of not having a reference genome for the EYR. Nonetheless, markers were distributed over all autosomes and the Z chromosome except the microchromosomes 16, LG2 and LG5 and there was a strong positive correlation between the number of mapped tags and chromosome size, indicating that tags mapped uniformly across the zebra finch genome (Pearson's r = 0.99; Fig. S16 ). We were unable to assess the coverage of the female-specific W-chromosome because it is absent from the zebra finch reference genome. We were unstable to place a few hundred outlier loci in the genome (Fig.   S17 ).
We explored potential conflicts in our mapping by comparing results from the zebra finch reference genome (Warren et al. 2010) to the collared flycatcher reference genome (Ellegren et al. 2012) . values as outlier loci (Keenan et al. 2013; Weir & Cockerham 1984) . We limited the samples to individuals Convergence of every run was confirmed using the R package coda (Plummer et al. 2006) . We assigned equal prior probability to both non-neutral models, but only the model based on mitolineage membership produced outliers.
3) Principal component analysis:
We estimated genetic differentiation across each transect without assuming any kind of prior grouping, using the program PCAdapt (Duforet-Frebourg et al. 2016 ).
PCAdapt uses a hierarchical Bayesian model to determine population structure with latent factors (K, analogue to PCA axes) and identify outlier loci that contribute disproportionately to explaining each of the K factors.
Among the important differences from other methods are that PCAdapt does not rely on F ST estimates, does not require classification of individuals into populations, performs well across a range of demographic models, and it is agnostic to environmental information (or mitolineage membership in our case). An initial inspection of 76 K factors revealed that while the first seven K's explain most of the genetic variation, only K1 differentiated well between different mitolineage-bearing populations in both transects (Fig. S19) . Accordingly, we performed the analysis with K=2 and extracted outliers along K1.
Allelic frequency correlations
To test whether alleles from outlier loci were segregating in the same direction in both divergent nuclear genomic backgrounds, we performed a correlation analysis of allelic frequencies between different mitolineage-bearing populations in the northern and southern transects: northmito-A versus south-mito-A and north-mito-B versus south-mito-B. We compared outlier loci correlations with correlations drawn from randomly selected loci across the rest of the genome (i.e. random distribution). We included outlier loci that were identified in both transects by at least one of the methods (N = 249). The random distribution was calculated with 240 random sets of non-outlier loci, each containing 249 loci. We tested if allelic correlations of outlier loci were greater than expected at random with a t-test in R.
Identification of genomic islands of differentiation
Hidden Markov Models (HMM) are useful to identify genomic regions that contain contiguous SNPs of high differentiation without having to rely on methods that require defining arbitrary sliding windows sizes (Hofer et al. 2012 We mapped the protein products of three nuclear OXPHOS genes located within the chromosome 1A genomic island of differentiation and of three EYR mitochondrial OXPHOS genes previously suggested to be under divergent selection (Lamb et al. submitted; Morales et al. 2015) onto the 4.2 Å resolution published structure of the homologous cryo-EM bovine mitochondrial complex I (Zhu et al. 2016) in the molecular graphics program UCSF Chimera (Pettersen et al. 2004) .
Geographic cline analysis
We examined how allelic frequencies change as a function of geographic distance across each transect. We used the R package hzar (Derryberry et al. 2014) , which implements a MCMC approach to fit allelic frequency data to cline models (Barton & Gale 1993) . We used individual nuclear allele frequencies (0, 0.5 or 1) and mitochondrial haplotypes (mito-A coded 0 and mito-B coded 1) to fit the cline models. We reduced linkage between markers and computation times by randomly selecting one SNP every 100 Kb along each chromosome (2,494 nuclear loci + mtDNA = 2,495 data points per transect). For each transect, we projected the geographic location of each individual on a unidimensional axis (Fig.   S10 ). Then, we calculated the distance of each projected location to a common geographic point. For the southern transect we removed the samples furthest from the contact zone (lower left corner in the dashed south square in Fig.   1A ) because the geographic gap between these samples and the rest of the samples was very large and could bias the cline-fitting, resulting in a shorter unidimensional axis (Fig. S10 ). We allowed a buffer distance of +/-30 km at both ends of each transect following Derryberry et al. (2014) to ensure that all samples within each transect were fitted in the cline models. We fitted three independent models, all of which estimate cline centre (i.e. geographic location of the maximum allelic frequency change) and width (defined as 1/maximum slope; Derryberry et al. 
Admixture analyses
We estimated the probability of assignment (Q) of each individual to two nuclear genetic clusters using the admixture model with correlated allele frequencies implemented in STRUCTURE v.2.3.4 (Pritchard et al. 2000) using two different datasets. The first dataset included 6,947 genome-wide neutral loci: we first removed all outlier loci and all loci within 100,000 bases of any outliers, and then we randomly sampled one nonoutlier locus every 100,000 bases along the entire genome.
The second dataset included 292 outlier loci located within the chromosome 1A island of differentiation.
Separate analyses were run for northern (50 individuals) and southern (103 individuals) transects. To account for unequal representation of individuals in each of the source populations, population-specific ancestry priors were used (Wang 2017) . For each marker set we performed one STRUCTURE analysis per transect assuming Kmax=2.
Twenty replicates of 200,000 burn-in iterations followed by 1,000,000 iterations run for each K. Runs were summarized using web server CLUMPAK (Kopelman et al. 2015) .
Genetic diversity and Linkage Disequilibrium (LD)
We calculated observed heterozygosity as a proxy for perlocus genetic diversity using the basicStats function of the R package DiveRsity (Keenan et al. 2013 between each pair of SNP markers from the reduced SNP dataset within each chromosome with PLINK (Purcell et al. 2007) . We then calculated the overall decay of LD against distance following Hilland Weir (1988) as implemented in Marroni et al. (2011) .
We estimated mitochondrial-nuclear LD with a custom perl script (electronic supplementary material, file S1 from Sloan et al. 2015) . This method calculates the perlocus correlation between nuclear and mitochondrial alleles by testing one randomly-selected nuclear allele against its mitolineage membership in each transect, and assigns statistical significance with a Fisher's exact test.
P-values were calculated by Monte Carlo simulations (1 x 10 6 replicates) and adjusted with a FDR significance threshold of 5%. We used a reduced dataset of 27,912
SNPs with a call rate higher than 90% and a MAF > 10%
to avoid rare variants following Sloan et al. (2015) Data availability R custom scripts were deposited in GitHub:
https://github.com/hmoral/EYR_DArT and comprised (1) script for HMM analyses; (2) script for allelic frequency correlations; (3) script for geographic cline analyses; and (4) script for N-mt gene enrichment test analyses.
